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Abstract— Lower-limb prosthesis wearers are more prone to
fall than non-amputees. Powered prosthesis can reduce this
instability of passive prostheses. While shown to be more
stable in practice, powered prostheses generally use model-
independent control methods that lack formal guarantees of
stability and rely on heuristic tuning. Recent work overcame
one of the limitations of model-based prosthesis control by
developing a class of stable prosthesis subsystem controllers
independent of the human model, except for its interaction
forces with the prosthesis. Force sensors to measure these socket
interaction forces as well as the ground reaction forces (GRFs)
could introduce noise into the control loop making hardware
implementation infeasible. This paper addresses part of this
limitation by obtaining some of the GRFs through an insole
pressure sensor. This paper achieves the first model-dependent
prosthesis controller that uses in-the-loop on-board real-time
force sensing, resulting in stable human-prosthesis walking and
increasing the validity of our formal guarantees of stability.
I. INTRODUCTION
Lower-limb prosthesis users fall more frequently than
non-amputees [1]. A survey in [2] found 45% of polled
amputees had fallen in the past year while wearing their
prosthesis. This instability could be due to their passive
prostheses, which can be less stable than powered prostheses
[3]. Current powered prosthesis control methods tend to
be model-independent [4], [5], requiring heuristic tuning,
lacking formal guarantees of stability, and not utilizing the
system’s natural dynamics. Lower-limb prosthesis users’ gait
stability can be assessed through plantar pressure data [6].
Utilizing this data in control could improve stability. This
motivates developing model-dependent prosthesis control
methods with accurate GRF knowledge to guarantee stability.
A challenge arises in developing model-dependent pros-
thesis controllers: the human dynamics are unknown. The
work of [7] addressed this limitation by developing rapidly
exponentially stabilizing control Lyapunov functions (RES-
CLFs), which were shown to stabilize bipedal robotic walk-
ing [8], in the context of separable systems [9]. This resulted
in a class of stabilizing prosthesis controllers relying only
on local prosthesis information. Previously, RES-CLFs were
difficult to realize on hardware due to the typical required
inversion of the inertia matrix which is computationally ex-
pensive and susceptible to error. The work of [10] developed
and demonstrated a RES-CLF controller on a bipedal robot
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Fig. 1. Gait tiles of human subject walking with model-dependent
prosthesis controller using real-time pressure measurements. The numerals
correspond to phases of the gait in the trajectory of Fig. 5. (Top) Prosthesis
stance phase. (Middle) Pressure map readings corresponding to the phase
of the gait cycle. (Bottom) Prosthesis in non-stance phase.
without inverting the inertia matrix by constructing the RES-
CLF in an inverse dynamics framework in a quadratic pro-
gram (QP). The work of [10] brings the class of controllers
developed in [7] closer to being implementable.
Realizing RES-CLF controllers on prostheses meets an
additional challenge: they require knowledge of both the
ground reaction forces and moment and socket interaction
forces and moment. (For simplicity we refer to these as
“GRFs” and “socket forces”.) Measuring these forces typ-
ically requires load cells in the prosthesis platform and
the noise of these sensors could corrupt the control input
signal. The work of [11] realized the first model-dependent
prosthesis controller with consideration for the forces, using
holonomic constraints for the GRFs and force estimation for
the socket forces. However using holonomic constraints to
determine GRFs assumes a rigid contact with the ground,
inaccurately representing many real-life scenarios where the
terrain deforms under a load, like granular media [12].
Developing control methods accounting for non-rigid terrain
is especially important for prostheses to enable amputees to
walk stably on a variety of surfaces present in daily life.
Powered prostheses with load cells at their ankles can
detect GRFs and center of pressure (CoP) [5], [13], [14].
The work of [13], used GRF sensing capability to determine
motion intent to trigger transitions between gait phases of
finite-state based impedance control. The work of [5] used
the CoP to encode and modulate virtual constraints for
prosthesis control. To date, GRF measurements have not
been included in the dynamics to achieve model-dependent
prosthesis control. We desire a way to measure GRFs to
provide accurate dynamics to our model-based controller as























assess gait health and symmetry [6], [15]. We seek a method
without inclusion of a load cell, which requires prosthesis
platform modifications, could add height to the platform, and
may introduce noise into the controller. With an insole pres-
sure sensor on a transfemoral powered prosthesis, this work
implements the first model-dependent prosthesis controller
that uses real-time force sensing to complete the dynamics,
resulting in stable human-prosthesis walking.
In this paper, Section II overviews separable system
control methods and RES-CLFs. Section III constructs the
controller of focus in this work that utilizes the GRF mea-
surements from an insole pressure sensor. Following, Section
IV defines the amputee-prosthesis model and describes the
gait generation method. Section V presents the selection
criteria, hardware specifications, and software implementa-
tion details of the pressure sensor used in this study. This
pressure sensor is integrated into the powered transfemoral
prosthesis platform, AMPRO3, which is described in Section
VI followed by the experimental set-up. Finally, the exper-
imental results show the improved accuracy of our GRF
model while achieving comparable tracking results to the
controller calculating GRFs via holonomic constraints. The
main contributions of this paper are
• integrating an insole pressure sensor into a powered
prosthesis platform for real-time GRF sensing and to
enable future gait analysis and CoP control methods,
• achieving stable human-prosthesis walking through
model-dependent prosthesis control with in-the-loop on-
board real-time force sensing, and
• improving our prosthesis contact model accuracy to in-
crease the validity of our formal guarantees of stability.
II. BACKGROUND ON SEPARABLE SUBSYSTEMS
To construct the controller used as the focus of this work
and justify our claim of formal guarantees of stability for
the whole human-prosthesis system, we will provide a brief
overview of the separable subsystem framework along with
RES-CLFs starting in the context of robotic control systems.
Robotic Control System. Consider a robotic control system
in 2D space with η DOFs and configuration coordinates





T ∈ Rη defining the configuration space
Q. We will focus on a subsystem of the robot defined by
coordinates qs ∈ Rηs with ms actuators. The remaining
system is defined by ql ∈ Rηl with mr actuators. The
attachment point between these systems is modeled as a
3-DOF rigid joint (x, z Cartesian position, and pitch) and
defined with coordinates qf . Here ηl + ηs + 3 = η and
ms+mr = m, the total number of actuators. The coordinates
ql include the floating base coordinates qB ∈ R3. The
constrained dynamics of the full system are given by the
following Euler-Lagrange equation [16]:
D(q)q̈ +H(q, q̇) = Bu+ JTh (q)λh (1)
Jh(q)q̈ + J̇h(q, q̇)q̇ = 0, (2)
where D(q) is the inertia matrix, H(q, q̇) is a vector con-
taining Coriolis, centrifugal, and gravity forces, B is the
actuation matrix for u ∈ Rm control inputs, and Jh(q) is
the Jacobian of the holonomic constraints h(q) and projects
the constraint wrenches λh.
Robotic Subsystem. To develop model-based prosthesis
subsystem controllers, we model the robotic subsystem sep-
arately with floating base coordinates q̄B ∈ R3 where it
attaches to the remaining system. With subsystem config-
uration coordinates q̄ = (q̄TB , q
T
s )
T ∈ Rη̄ , where η̄ = ηs + 3,
the constrained robotic subsystem dynamics are:
D̄(q̄)¨̄q + H̄(q̄, ˙̄q) = B̄us + J̄
T




˙̄Jh(q̄, ˙̄q) ˙̄q = 0. (4)
Here Ff are the fixed joint interaction forces inputted to this
system and projected into the dynamics by J̄f (q). J̄h(q̄) is
the Jacobian of the η̄h subsystem holonomic constraints h̄(q̄)
with constraint wrench λ̄h. By solving for ¨̄q in the dynam-
ics (3) and substituting this into the holonomic constraint




−1(H̄ − B̄us − J̄Tf Ff )− ˙̄Jh ˙̄q). (5)
For the prosthesis, the work of [11] used (5) to calculate the
GRFs modeled as holonomic constraints with the ground.
For this paper we use the holonomic constraints to calculate
the x-direction GRF but use a pressure sensor to measure the
other GRFs: z-direction force and y-direction moment.
Separable Subsystems. With states xq = (qT , q̇T )T , we
















To apply the separable system framework of [9], we re-













T which, due to the fixed joint as explained in

























xr ∈Rnr , xs ∈ Rns , ur ∈ Rmr , us ∈ Rms .
The remaining control input ur does not affect the dynamics
of xs, allowing subsystem controller design with the xs
dynamics independent of the xr dynamics. We define a sep-
arable subsystem and remaining system [7], [9], respectively,
ẋs = f
s(x) + gs(x)us, (7)
ẋr = f
r(x) + gr1(x)ur + g
r
2(x)us. (8)
Equivalent Subsystem. The subsystem dynamics still de-
pend on the full system states so we alternatively express
the dynamics of xs as an ODE using (3) with a method
similar to that used for the full-order dynamics:
˙̄xs = f̄
s(X ) + ḡs(X )us, (9)
X = (x̄Tr , xTs , ζT )T ∈ Rn̄.
Here x̄s = xs, x̄r = (q̄TB , ˙̄q
T
B)
T ∈ Rn̄r are measurable
states, and X is the vector of states x̄ = (x̄Tr , xTs )T and
measurable input ζ = Ff ∈ Rnf . This system equates to (7)
by a transformation T (x) = X , where f̄s(X ) = f(x) and
ḡs(X ) = gs(x) for all x. For this robotic system form, this
transformation exists and is given in [9]. An IMU and force
sensor could give x̄r and ζ in practice.
Separable Subsystem RES-CLF. With the subsystem now
defined in locally available coordinates X , we define a class
of stabilizing model-dependent subsystem controllers. Using
the work of [7] we construct a RES-CLF V̄ sε (xs) for the
equivalent subsystem,










for all 0 < ε < 1 and X ∈ Rn̄, with constants c̄s1, c̄s2, c̄s3 > 0.





to the class K̄sε (X ):
K̄sε (X ) = {us ∈ Rms : ˙̄V sε (X , us) ≤ −
c̄s3
ε
V̄ sε (xs)}. (11)
The work of [8] developed RES-CLF controllers with ε to
tune ε to yield fast enough convergence such that a hybrid
system and its zero dynamics would not be destabilized by
the impact dynamics of the hybrid system.
Main Theoretic Idea. By the work of [7], when a RES-
CLF stabilizes the remaining system (8), any controller
us ∈ K̄sε (X ) stabilizes the full-order hybrid system with
zero dynamics. Hence, separating a robotic system and con-
structing an equivalent subsystem provides a means to con-
struct model-dependent subsystem controllers using solely
local information guaranteeing full-order system stability
while also utilizing the natural dynamics. In the case of a
human-prosthesis system, we assume the human stabilizes
itself based on research of central pattern generators which
suggests biological walkers demonstrate stable rhythmic be-
havior [17], meaning they have limit cycles. All stabilizing
controllers for these hybrid limit cycles belong to the class
of RES-CLFs in [7] for the remaining system.
III. CONTROL METHODS
The ID-CLF-QP of [10] provides an implementable form
of a RES-CLF. We outline this construction for an equivalent
robotic subsystem (3) with the additional J̄Tf (q̄)Ff term in
the dynamics. We explain how we estimate this term and
measure the GRFs for the prosthesis dynamics.
A. Controller Formulation
To develop a Lyapunov function for the ID-CLF-QP of
[10] we construct outputs to feedback linearize the system
and dictate the motion of the robot.
CLF Construction. We define linearly independent subsys-




s (xs)− yds (τ(xs), α), (12)
where yas (xs) are the actual joint outputs and y
d
s (τ(xs, α)
are the desired trajectories defined by parameters α and
modulated by τ(xs), a state-based phase variable. Taking
the derivatives along the equivalent subsystem dynamics (9),
we relate the outputs to the control input us:
ÿs = L
2
f̄sys(X ) + LḡsLf̄sys(X )us.
Here L2
f̄s
ys(X ) and LḡsLf̄sys(X ) denote the Lie deriva-
tives [18]. Because the outputs are linearly independent,
LḡsLf̄sys(X ) is invertible, making our system feedback




)−1(− L2f̄sys(X ) + ν), (13)
with auxiliary control input ν. This controller yields ÿs =
ν and the following linearized output dynamics with linear



















We solve the continuous time algebraic Riccati equation,
FTP + PF − PGGTP +Q = 0,
for this linear system with user-selected weighting matrix
Q = QT > 0, for P = PT > 0 to construct a RES-CLF per
the methods of [8]:













ξ =: ξTP εξ.
Taking the derivative gives the convergence constraint:
˙̄V sε (ξ, ν) = LF V̄
s
ε (ξ) + LGV̄
s






with Lie derivatives along the linearized output dynamics as,
LF V̄
s
ε (ξ) = ξ
T (FTPε + PεF )ξ,
LGV̄
s
ε (ξ) = 2ξ
TPεG.
ID-CLF-QP+Ff . We can write this RES-CLF and its deriva-
tive in terms of x and X to use in the ID-CLF-QP since ξ
depends on xs through ys(xs) and ẏs(xs) and the relation-
ship in (20) shows ν depends on X :
ν = L2f̄sys(X ) + LḡsLf̄sys(X )us(X ). (14)
We hence obtain the subsystem RES-CLF (10) with c̄s1 =






To avoid the matrix inversions required by (14), we use
the facts that ν = ÿs and the output ys(xs) is a positional
constraint, i.e. ys(q̄), to write the ÿs in terms of the robotic
















This formulation equates to (14), as shown by [10].
To prescribe a PD controller to ÿ with a control input us
close to (13), we define ν = Kpys(xs) + Kdẏs(xs) := νpd
and minimize the difference between νpd and (15) in the QP
cost. We also include the holonomic constraints in the cost as
soft constraints since these are difficult to satisfy precisely on
















we formulate our ID-CLF-QP+Ff :
Υ? = argmin
Υ∈Rηv
∣∣∣∣∣∣J̇c(q̄, ˙̄q) ˙̄q + Jc(q̄)¨̄q − µpd∣∣∣∣∣∣2 + σW (Υ) + ρδ





ε (X ) + LGV̄ sε (X )
(




V̄ sε (X ) + δ
− umax ≤ us ≤ umax.
(16)
Here µpd = (νTpd, 0
T )T , the regularization term W (Υ)
makes the system well-posed, σ and ρ are user-selected
weights, and the relaxation term δ ensures the torque bounds
(−umax, umax) are always feasible. (We leave out the argu-
ments on Jy, J̇y for notational simplicity.)
B. Controller Realization for Hardware
Since the socket forces Ff were unavailable from current
platform sensors, the work of [11] developed a force estima-
tion method to determine JTf (q)Ff at each sampling time
which we use here. Uniquely in this work for the GRFs, we
replace part of λ̄h with pressure sensor measurements.
Residual Dynamics Estimation. We estimate the joint accel-





Here k represents the current time step and k−1, the previous
time step. These estimated accelerations are compared to the
expected accelerations of the previous time step q̈expk−1 from
the dynamics without JTf (q)Ff :
¨̄qexpk−1 = D̄(q̄k−1)
−1(− H̄(q̄k−1, ˙̄qk−1) + B̄us,k−1 + J̄Th (q̄k−1)λ̄h,k−1). (17)
The difference between these multiplied by the inertia matrix
of the previous time step gives the present dynamics not
considered in the model, i.e. the residual dynamics, Fk−1:
Fk−1 = D̄(q̄k−1)(¨̄qestk−1 − ¨̄q
exp
k−1). (18)
To attain a smoother signal we average these residual dy-







The average residual dynamics from the previous time step
is used in place of JTf (q)Ff for the current time step. While
this method worked well, improving tracking performance in
[11], it did not examine the individual fixed joint forces Ff ,
but rather the forces projected by Jf (q) into the dynamics.
Socket Force Estimation. For this paper, we only consider
the residual dynamics related to the socket forces and obtain
these individual forces through the left pseudo inverse of Jf ,
i.e. J†f , where J
†
fJf = I:





Ground Force Determination. While in [11] the holonomic
constraint wrench λ̄h gave the GRFs, this rigid-contact model
does not hold for a foot contacting a variety of real-world
non-rigid terrains. This paper employed an insole pressure
sensor to determine the vertical GRF Fg,z and pitch ground
reaction moment Mg,y , detailed in Section V. By estimating
the fixed joint forces F estf and determining 2 GRFs, Fg,z
and Mg,y , through the pressure sensor measurement, the only
remaining unknown force is the horizontal GRF. We solve
for the wrench λh,x ∈ R1 through the holonomic constraints.
ID-CLF-QP+F estf +F̃g . The final controller formulation is
Υ̃?k = argmin
Υ̃k∈Rηv
∣∣∣∣∣∣ ˙̃Jc(q̄, ˙̄qk) ˙̄qk + J̃c(q̄)¨̄qk − µpd∣∣∣∣∣∣2 + σW (Υ̃k) + ρδk







ε (Xk) + LGV̄ sε (Xk)
(




V̄ sε (Xk) + δk,
− umax ≤ us,k ≤ umax,
(21)




T ∈ Rη̃v and η̃v = η̄ + ms + 2.
The decision variable λ̄h,x,k is included with the measured
GRFs Fg,z,k and Mg,y,k in F̃g,k = (λ̄h,x,k, Fg,z,k,Mg,y,k)T .
Remark. This controller uses 3 holonomic constraints to
determine the 1 remaining GRF λ̄g,x through the cost. This
creates an overdetermined problem to solve for λ̄h,x in a
balanced way with respect to the 3 constraints instead of
strictly enforcing a rigid assumption for the x-direction.
One could alternatively determine λh,x through a single
constraint. Testing both methods on the prosthesis yielded
slightly different tracking but comparative performance.
IV. AMPUTEE-PROSTHESIS MODEL AND GAIT
GENERATION
To develop outputs for the human-prosthesis system for the
ID-CLF-QP+F estf +F̃g , we construct a model of the system
and use hybrid zero dynamics trajectory generation methods.
Amputee-Prosthesis Model. We model an amputee-
prosthesis system as a bipedal robot with 8 links and 12
DOFs, i.e. η = 12 for (1). The prosthesis subsystem has
coordinates qs = (θpk, θpa)T for the knee and ankle pitch
respectively, making ηs = 2. The remaining amputee system
has coordinates ql = (qTB , θlh, θlk, θla, θrh)
T defining the
floating base at the torso and the left hip, left knee, left
ankle, and left hip pitch joints respectively. The fixed joint
coordinates qf define the interface between the amputee’s
partial thigh and the top of the prosthesis. See Fig. 2. Every
non-fixed joint is actuated, giving ms = 2 and mr = 4.
The human subject’s height and weight along with hu-
man inertia, limb mass, and limb length percentage data
from [19], [20] provide the human parameters. We base
the prosthesis model parameters on the CAD model of
AMPRO3 [21], the transfemoral powered prosthesis used in
this work. This full system model gives the dynamics of (1)
Fig. 2. (Left) The separable human-prosthesis system with full system
configuration coordiantes. (Middle) The prosthesis equivalent subsystem
with subsystem configuration coordinates. (Right) Transfemoral powered
prosthesis AMPRO3 with labeled hardware components.
for trajectory generation, for which we omit the ankles since
a varying set point PD controller is more comfortable for the
user than a prescribed trajectory. The prosthesis equivalent
subsystem is constructed with floating based coordinates q̄B
at the socket and (3) gives the dynamics used in (21).
Hybrid Systems and Human-Like Gait Generation. Be-
cause bipedal walking contains both discrete and continuous
dynamics, we model the amputee-prosthesis system as a
hybrid system [22]. Since the amputee-prosthesis system
is asymmetrical, we consider two domains of continuous
dynamics (1) Dv with indices v ∈ {ps,pns} for prosthe-
sis stance and for prosthesis non-stance, respectively. Each
domain has a 3 dimensional holonomic constraint for the
respective stance foot ground contact in addition to the fixed
joint constraint. Events connect these domains together in a
directed cycle, specifically the event of the non-stance foot
contacting the ground. The work of [23] explains the impact
dynamics occurring at foot-strike.
To design output trajectories for the amputee-prosthesis
system that are invariant through impact, we use a hybrid
zero dynamics condition [24] in an optimization whose
solution must also satisfy the dynamics and feasibility con-
straints. We design the cost function to minimize the dif-
ference between the outputs (the joints) and human walking
data obtained through motion capture [25]. The optimization
yields parameters for each domain αv that define Bézier
polynomials for the desired trajectories yds,v(τ(xs), αv) pa-
rameterized by the state-based phase variable τ(xs), forward
hip position, which goes from 0 to 1 in each domain Dv
[24]. Details given [25]. The resulting trajectories match
the human data well and are shown in [11]. Since the
optimization gives a prosthesis trajectory that matches human
walking data and is stable with the human side emulating
the human data, we assume in practice the human will still
be able to stabilize itself with the prosthesis following this
human-like trajectory. This satisfies the required condition
about the human for our main theoretical idea in II to
ensure full human-prosthesis system stability for a RES-CLF
controlling the prosthesis.
V. GROUND FORCE MEASUREMENT
We obtain real-time force sensing in our model-dependent
controller with an insole pressure sensor described here.
Fig. 3. (Top) Insole pressure sensor. (Bottom) Insole sensor array drawing
with dimensions in cm and overlay of colored pressure map from the Tactilus
software. The circular marker indicates the CoP estimate.
Pressure Sensor Selection. The pressure sensor used for this
study met the restrictive real-time control requirements for
our application. Most commercially available insole pressure
sensors are designed for recording data for offline gait anal-
ysis and are incompatible with our application. First, many
insole sensors communicate wirelessly through WiFi or Blue-
tooth which would introduce a large time-delay, negatively
influencing the feedback’s effect in real-time control. Second,
most companies design pressure sensors with proprietary gait
analysis software and the raw data is inaccessible in real-time
for custom use. Finally, most wired pressure sensor systems
are very expensive, $10-35k. The sensor for this study is
$2.5-3k and a company-provided API accesses the raw data
in real-time over a USB connection.
Pressure Sensor Hardware. The pressure sensor used is a
SensorProd Inc. Tactilus Foot Insole Sensor System, High-
Performance V Series (SP049), shown in Fig. 3. The sensor
is reversible and can be placed in the shoe of either foot. A
small electronics box attached to the sensor extends a few
inches off of the sensor and can be strapped to the user’s
or prosthesis’ calf. Made of a piezoresistive sensor array,
the insole pressure sensor can sense up to 206.8 kPa at 101
separate points per foot. Each sensor element is 0.9 cm ×
1.2 cm × 0.127 cm in size and has a column pitch of 1.3
cm and a row pitch of 1.72 cm over a total insole size of
10.0 cm × 27.0 cm, as shown in Fig. 3. The sensor elements
are arranged as a 16×8 matrix, although some elements are
not present on the insole and give 0 readings. The sensor
provides a resolution of ±1 µPa with 12 significant digits
at most, along with an accuracy of ±10%, repeatability of
±2%, hysteresis of ±5%, and a non-linearity of ±1.5%.
Pressure Sensor Software. We incorporated a Tactilus API,
a precompiled C++ Windows Library from SensorProd Inc.,
into a Windows C++ program which scanned the pressure
readings in real time at about 200 Hz. We applied a Gaus-
sian smoothing filter to reduce high differences in pressure
readings between adjacent sensor elements potentially due
to falsely concentrated readings. This common non-uniform
low-pass filter convolves each pressure reading Pi,j of sensor
TABLE I
FORCE MEASUREMENTS WITH FIXED WEIGHTS AND STANDARD ERRORS































Every pressure reading Pi,j is replaced by the filtered reading







At the edges a partial G matrix is used with scaled up weights
that sum to 1. To reduce the effect of environmental and
systematic high-frequency noise in time, we apply a simple
moving average to each P̃i,j giving us P̃avgi,j .







where ∆x is the sensor element row pitch, ∆y the column
pitch, and wi.j a weighting factor based on the approximate
percentage of remaining rectangular sensor element. Fig. 3
shows the edge elements are partial rectangles. The numbers
16 and 8 are the total number of rows and columns, respec-
tively. The sensor elements not present on the insole return








where xi is the x-position of the sensor and x0 is the x-
position of the selected point of rotation, in this case directly
below the center of rotation of the ankle.
Force Measurement Evaluation. We tested the pres-
sure sensor force measurement accuracy by applying fixed
weights and recording the measurement. We removed all
weight between tests to alleviate the drift affecting the mea-
surements. Table I shows the results, where the force mea-
surements are regularly within ±10% accuracy, especially at
higher weights, matching the sensor technical specifications.
Limitations of the sensor include the high propensity to
drift, not allowing for an accurate reading of force when a
high constant force is applied to the sensor for long periods
of time. As much as a 50% change in pressure readings
can be attributed to drift. This effect should be minimal
in walking where the force is changing throughout each
step and being unloaded between strides. Other limitations
include a relatively low maximum pressure on a sensor, 206.8
kPa, which suggests the sensor will be inaccurate when it
experiences high concentrated forces. Also an assumption
that the surrounding area between sensors have the same
pressure as the sensors nearby is made, which may also not
be accurate for highly concentrated forces.
VI. HUMAN-PROSTHESIS EXPERIMENTATION
We integrated the pressure sensor into a current powered
prosthesis platform to achieve model-based prosthesis control
with real-time in-the-loop forcing sensing. The stable human-
prosthesis walking results are presented here.
Prosthesis Platform AMPRO3. This study uses the trans-
femoral powered prosthesis platform AMPRO3, custom-built
and introduced in [21]. Two brushless DC motors (MOOG
BN23) with 1 Nm peak torque actuate the knee and ankle
pitch joints through their interactions with their respective
timing belt connected to each joint’s harmonic gear box. This
gear reduction system gives a 120:1 mechanical reduction for
the knee and 175:1 for the ankle.
The motors are controlled by 2 ELMO motion controllers
(Gold Solo Whistle) which receive position and velocity
feedback from the 2 incremental encoders, which the motion
controllers send to the microprocessor. The microprocessor
returns a commanded torque to the motion controllers. The
controller algorithms run on the Beaglebone Black Rev C
(BBB) microprocessor at 200Hz and are coded in C++
packages with ROS. The coded ID-CLF-QP+F estf +F̃g is
based on code from [10]. Previously all the computations
were done on board the BBB and the prosthesis was a
self-contained system powered by a 9-cell 4400 mAh Li-
Po battery (Thunder Power RC). For this paper, a pressure
sensor was integrated into the system and required a wired
connection to a PC for use of the pressure sensor’s Windows-
specific software. The prosthesis was also wired to the
Windows PC with an Ethernet cable. Fig. 2 shows AMPRO3
with the aforementioned components labeled.
Sensor Integration. The insole sensor is physically inte-
grated into the prosthetic system through placement over the
insole of a Converse All-Star Men’s Size 9 Wide shoe which
is worn by the foot of AMPRO3. This shoe has a flat, stiff
sole, allowing the sensor to lie flat and be more sensitive
to pressure changes during a step. The sensor connects to
a Windows PC through USB, and sends force and moment
measurements to the BBB through UDP over Ethernet. There
is a 5 ms time delay between when the sensor pressure is
read and the BBB receives the data caused largely by the
time it takes the Windows program to receive all the data
from the sensor. Fig. 4 shows a software flow diagram.
Hardware Results. A 1.7 m, 62 kg non-amputee human
subject tested the prosthesis device with an iWalk adapter.
The iWalk allows her bent right leg to be strapped to the
device for walking as shown in Fig. 1. A foam shoe lift
strapped to the bottom of her left leg’s shoe evens the length
difference between her own left leg and her right leg with
the prosthesis. A moving average time window of 2 for
Fig. 4. Hardware and software flow diagram depicting how the pressure
sensor communicates and interacts with the prosthesis control scheme.
Fig. 5. (a) Phase portrait of the knee joint showing stability of the ID-CLF-
QP+F estf +F̃g controller (21). (b) Knee output tracking of first four steps of
the experiment showing the tracking results of the three stance controllers
in Dps (white region) in comparison to each other, the desired trajectory,
and the human data. PD controller acting in Dpns (shaded). The numerals
correspond to phases of the gait shown in Fig. 1.
the pressure sensor filter and N = 5 for the socket force
estimator (19) sufficed to provide smooth signals to the
controller. We apply the proposed controller to the knee only
in stance since this is when the GRFs affect the dynamics.
Implementing this model-based controller in swing phase
requires an IMU and remains for later work. We applied
a PD controller in swing phase for all tests. A PD controller
with varying set-point was applied to the prosthesis ankle.
The subject walked with the prosthesis for at least 18
consecutive steps with 3 different controllers in stance on an
outdoor level sidewalk. The subject also walked with these
controllers on mostly level grass with a small dip. The first
controller is the ID-CLF-QP+F estf +F̃g (21), the controller of
focus in this paper, using the pressure sensor to obtain Fg,z
(22), Mg,y (23). The phase portrait of Fig. 5 a. shows the
stability of this main controller. For comparison, we tested
a second controller using the original full set of decision
variables from (16) in (21) to determine the GRFs with the
holonomic constraints instead of the pressure sensor. To test
the importance of including all the GRFs in the model, for
the third controller we used the same reduced set of decision
variables as (21) but did not include the measurements from
the pressure sensor such that it only used λ̄h,x for the GRFs.
Fig. 5 shows the tracking performance of these three
controllers for the first 4 steps cycles of the walking experi-
ments compared to the desired trajectory and the human data
used to develop the trajectory. The third controller had the
worst tracking performance demonstrating the importance of
accounting for all GRFs in this model-based controller. The
first and second controllers had slightly different tracking,
but similar performance. Their differences again show the
GRF model’s influence in tracking performance.
Fig. 6. (a) CLF bound and derivative for first 4 prosthesis stance steps using
the ID-CLF-QP+F estf +F̃g controller (21), showing the prosthesis remains
stable. (b) Respective stance control input for the knee.
Fig. 7. (Top) Ground reaction forces (left legend) and moments (right leg-










The results of the second test on grass are also shown with superscript
“p2” for the pressure sensor controller, and “c2” for the constraint controller.
(Bottom) The respective estimated socket forces for each of the controllers
and tests denoted with subscript “s”.
Fig. 6 a. depicts the CLF derivative remaining below
its upper CLF stability bound for the stance phase of the
first 4 steps. This shows the advantage of model-dependent
control—formal guarantees of stability. Figure 6 b. gives
the respective control input for the knee. Note when the
CLF derivative is well below its bound, the control input
has a relatively low magnitude. This demonstrates another
advantage of model-dependent control—when we know the
system is very stable, less control input is needed.
Fig. 7 presents the GRFs and socket forces determined
for the first 4 prosthesis stance phases by the first two
controllers for both sidewalk and grass experiments. The
vertical force profile obtained through holonomic constraints
remains relatively constant across steps and terrains, which
does not reflect the variability that exists between human
steps or the different ground responses we expect for softer
terrain. The force profiles obtained from the pressure sensor
on the other hand vary between steps and between terrain.
Because the constraint controller does not use force sens-
ing, its vertical GRF calculates a maximum of a <75 N
force for a 620 N subject. While we do not expect a vertical
GRF equal to the subject’s weight since the subject’s force
affects the prosthesis at an angle, we still expect a force of
more similar magnitude, like we see with the pressure sensor.
These results show how the pressure sensor is able to capture
the GRFs better than the holonomic constraints. This first
gives more confidence to our formal guarantees of stability,
by having a more accurate model, and second suggests the
pressure sensor could aid in control on deformable and
uneven terrain encountered in real-life.
(Note: Due to COVID-19 and respective IRB restrictions,
this study is limited to one subject on the simple terrains
of sidewalks and grass. Future work will examine pressure
sensor controller behavior with more subjects on more varied
terrain where the rigid contact model is increasingly invalid.)
VII. CONCLUSION AND FUTURE WORK
This work achieved the first experimental realization of a
model-dependent prosthesis controller using real-time in-the-
loop force measurements to complete the dynamics using an
insole pressure sensor resulting in stable human-prosthesis
walking. By removing most of the rigid contact assumption
and directly measuring the forces, we enable the prosthesis to
account for its real-world conditions, increasing the validity
of our human-prosthesis stability guarantees. Integration of
the insole pressure sensor into the prosthesis platform opens
the door to future work accounting for gait stability measures
such as CoP in model-dependent prosthesis control methods
and gait analysis. Furthermore, this feedback of real-world
information provides a means to develop control methods
that adapt the prosthesis to its real-time changing terrain.
This adaptability would empower amputees to stably walk in
a variety of real-world environments such as slopes, uneven
terrain, and soft and deformable terrain. These methods could
be applied to other lower-limb robotic assistive devices, like
exoskeletons, to bring real-world force reaction models into
the loop of model-dependent control methods.
Future work will incorporate other plantar pressure data
into our control methods and gait analysis to increase stabil-
ity and prosthesis reactivity. By developing pressure sensor
software capable of running on our Linux microprocessor,
the BBB, we can reestablish the prosthesis as a self-contained
system. Work done for this paper revealed the prosthesis’s
sensitivity to the value of the x-direction GRF, motivating
future use of a sensor capable of detecting lateral force.
Incorporating force sensing at the socket interface would
further improve the validity of our formal guarantees of
stability and increase the prosthesis’s ability to account for
and react to its real-world conditions. Having access to a
CoP measurement enables use of CoP as phase variable [5]
and could be used as a guard to determine transitions in
multi-domain multi-contact walking [26] for more efficient
and human-like walking.
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